Abstract. This paper investigates the volatility of daily returns in the Romanian stock market over the period January 2005 to December 2017. Volatility is analysed using four stock market indices (BET, BETC, BETPlus and ROTX
Introduction
Over time it was given high importance to the study of stock market evolution, especially volatility. Volatility is the degree to which the price of an investment fluctuates over a certain period of time, and is often associated with risk. Higher volatility is characterized by greater uncertainty.
Volatility increases in periods of economic or political instability or under the influence of certain factors. On the financial markets it was observed that the volatility changes differently according to the daily price variation of the respective financial asset. Observations have shown that downward movements of the market (in decreasing direction) are followed by a higher volatility than market upward movements of the same amplitude.
The aim of this paper is to evaluate the performance of various GARCH models using stock market indices that characterize the Bucharest Stock Exchange. These models simultaneously evaluate and test processes of yields and volatility processes. The importance of these models results from the difference between authors the purpose of the article was to model the statistical properties of BET-C returns in comparison with the main non-normality properties. They found that the E-GARCH model is a powerful model that can be used to forecast the volatility of stock market indexes. Tudor (2008) implements symmetric GARCH models to study the volatility on the American (S&P 500 index and KO stock) and Romanian (BET-C and TLV) stock markets, using daily logarithmic returns for January 2001 and February 2008. Tudor showed that GARCH (1,1) models are correctly specified for the S&P 500 index and KO, while for the BET-C index the model could not remove completely the heteroscedasticity from the residuals. Also the GARCH-inMean model showed that there is a positive relationship between risk and return for the series analysed, and in the case of the Romanian BET-C index, this relationship is stronger.
Surya Bahadur (2008) studied the volatility of the Nepalese stock market and the results indicated that the most appropriate model for volatility modeling was GARCH (1, 1) . Also, the study pointed out evidence of time varying volatility and a high predictability of volatility in the Nepalese stock market.
Another study regarding the Romanian Capital market volatility was realized by Dima, Barna and Mura (2009) in which it was applied a GARCH framework in order to identify the structural changes. The authors conclude that the impact of factors (political instability or changes in the macroeconomic) on capital market have a high amplitude, generating a "short term functional" instability. Mishra, Das and Pradhan (2009) used ARCH class models (GRACH, EGRACH and TGRACH models) to study the volatility of the Indian stock market during the 1991-2008 period. The TGARCH model had the best performance in estimating and predicting the volatility of the Indian capital market. Also the econometric estimations of the ARCH class models showed evidence of time varying volatility. Panait and Slăvescu (2011) investigated how the Bucharest Stock Exchange (BSE) reacted during and after the crisis and how the volatility of the Romanian market evolved during 2007-2011, using correlation analysis and Granger causality tests. They found out a high degree of correlation between international markets and Romanian stock market during the analysed period, more precisely, during 2007-2008 it was higher, and in 2009-2011 it decreased slightly. Also they found a unidirectional causality from the international financial markets towards BSE. Anton (2012) evaluate the forecasting performance of various GARCH models using daily data for BET index (from Bucharest Stock Exchange), for the period September 2001 to February 2012. According to information criteria and log-likelihood function, Anton found out that TGARCH and PGARCH (1, 2, 1) are the most successful models. Alexandru, Caragea and Dobre (2013) studied the volatility of the Romanian capital market (BET, BET-FI and BET-C as stock indices) through the ARCH and GARCH models using the "R" software (using the "rugarch" package). The authors find that the GARCH (1, 1) model is suitable for the BET index data series also they highlighted the utility of the statistical software used to process large-scale data series.
Another analysis of the Romanian stock market was carried out by Gherguț, Oancea and Căpățână (2013) . They mainly studied the volatility of the BET-FI stock index using GARCH models from 2008 to 2013 (daily values). The EGARCH asymmetric model (1, 1) was considered to be the best model for analyzing the volatility of the BET-FI index.
Data and methodology
For our study we selected the most relevant market indices on the Bucharest Stock Exchange (BSE): BET (is the first index developed by BSE and the reference index of the local capital market), BET Plus (reflects the evolution of Romanian companies listed on the regulated market of BSE that meet the minimum selection criteria for liquidity and the value of the shares included in the free float), ROTX (is an index developed by BSE with Wiener Borse AG, which reflects in real time the movement of blue chip shares traded on the BSE) and BET-C (BET-C was a composite index of the BSE market and reflected the evolution of the prices of all listed companies on the BSE regulated market, Category I and II, it ceased to exist on 23 June 2014 and a new index, BET Plus was launched on the same date ). We also selected the 5 most liquid companies traded on the Romanian stock exchange: TLV (BancaTransilvania),BRD (BRD GroupeSociétéGénérale), SNP (OMV Petrom), FP (FondulProprietatea) and SNG (ROMGAZ SA). In order to capture the types of causality between foreign stock exchanges and Romanian stock exchange we have chosen to select four foreign indices such as: CAC 40 for the French stock market, DAX 30 for the Frankfurt Stock Exchange, FTSE 100 for the London Stock Exchange and S&P500 for the New York Stock Exchange.
The data consist of daily observations. For BET, ROTX, CAC 40, DAX30, FTSE 100, S&P500, TLV, BRD and SNP, the period analysedwas The formula for calculating daily returns is as follows:
where , is the yield of the asset i in period t, , is the asset price i in period t and , −1 is the price of the asset in the t-1 period. According to scientific literature, preference is given to logarithmic yields, which were expected to show a normal distribution.
The ARCH/GARCH models are used in the study of financial time series (e.g. evolution of sales prices, rate of return on financial assets, or exchange rates). These models simultaneously evaluate and test processes of yields and volatility processes. The importance of these models results from the difference between conditional and unconditional variants. Unconditional variants are supposed to be time-independent and conditional variants are supposed to be dependent on past events that are included in the multitude of information at time t-1.
ARCH models were introduced by Engle (1982) and Generalized (GARCH) by Bollerslev(1986) . A GARCH model allows conditional variation to be dependent on its previous lags. GARCH models transform the AR process from the ARCH model into an ARMA process by adding a MA process. The GARCH model (p, q) has the form:
, where ω>0 and αi≥0,βi≥0.
From the above equations we can see that the conditioned variance of random perturbations depends both on the historical values of the shocks and on the values of the variance in the past. The coefficients of  represent the rate of reaction of volatility to shocks in the financial market. Parameter p is the order of the terms GARCH and q is the order of the ARCH terms.
Many researchers consider that a GARCH (1, 1) model is appropriate to model the evolution of volatility, but in this analysis we will study several extensions of the GARCH model. A GARCH model (1,1) is equivalent to an ARCH (2) model, and a GARCH (p,q) model (p, q) is equivalent to an ARCH model (p + q).
Since the sum of the coefficients α and β might be close to 1 for the GARCH model (1,1), we can model the volatility using the IGARCH model (integrated GARCH). This model eliminates long-term volatility in the equation, requiring that the sum of the coefficients be 1.
The ARCH model treats errors as symmetrical, that means positive and negative shocks affect the conditioned mode in the same way. However, the shock response may be asymmetric. An EGARCH model (exponential GARCH)(this model was introduced by Nelson in 1991) allows shocks to have asymmetric effect on conditional variants. The effect of information is no longer considered square but exponential. For the EGARCH model (1, 1) , the variance equation can be written as:
Here γ is the measure of leverage effect. If γ > 0 we say that there is leverage and if γ ≠ 0, the impact of the news is asymmetric.
The TGARCH models (Threshold GARCH) were introduced by Glosten, Jagannathan and Runkle (1993) . For the TGARCH model (1, 1) , the variance equation can be written as:
Where It-1 is a dummy variable, an indicator for negative innovations: It-1=1 if εt-1<0 ("bad news" has an impact of α) and It-1=0 if εt-1≥0 ("good news" has an impact of α+γ). If γ > 0 we say that there is leverage and if γ ≠ 0, the impact of the news is asymmetric.
Another asymmetric model is APARCH model (Asymmetric Power GARCH), which was introduced by Ding, Granger and Engle (1993) . The variance equation can be written as:
In order to analyse the causality between capital markets, we can use the Granger causality test, which is used by many authors. To be able to perform this causality test, the data series must be stationary and zero average.
Initially we will study both the stationarity of the data unit root tests and their order of integration. We will use the Augmented Dickey-Fuller test to check-ADF stationarity. Augmented Dickey Fuller is used to determine the order of integration, and the null hypothesis is the existence of a unit root.
Results
The table below shows descriptive statistics of daily logarithmic returns of the Bucharest Stock Exchange indices. The return series is negatively skewed (with the exception of BRD share). Specific situation of financial markets, Skewness is negative indicating an asymmetry to the left. Probability 0.000000 0.000000 0.000000 0.000000 0.000000 0.000000 0.000000 0.000000 0.000000
Source: Datastream, authors' calculations
The most interesting feature is the kurtosis, which measures the magnitude of the extremes, which is > 3 and it suggests that the return series has fatter tails than the normal distribution. This feature is referred to as lepto-kurtosis, which could be caused by volatility clustering.
The value of the Jarque-Bera test and the probability attached to the test is 0%. The test values are quite different from those of the normal distribution, which is why we can say that the series is not normally distributed. Quantiles-Quantiles plot is a simple method used to compare two distributions, it represents the graph of an empirical distribution versus a theoretical distribution (the normal distribution). If the empirical distribution is normal, the resulting Q-Q graph should be the first bisector, but in our case the distribution is much different from the normal one. The density graph and Q-Q plot against the normal distribution shows that the returns distribution also exhibits fat tails confirming the results in Table1.
We have examined the stationarity of the data series with the ADF (Augmented Dickey-Fuller), which is a method for testing stationarity (the null hypothesis is that the analysed data series is not stationary-has a root unit). After applying ADF stationarity test, the analysed variables are I(0), also the stationarity of the series can be seen in the graphs below, where the daily returns of the analysed series are represented. From the graphs above, we can see that there is a phenomenon of "volatility clustering" and an alternation between periods of low volatility and those with high volatility. Also"volatility clustering" implies a strong autocorrelation in returns.
Figure 4. Daily values of the Romanian shares

Source: Datastream, authors' calculations
Before starting to perform GARCH models, it is necessary to perform preliminary tests to detect ARCH effects. We investigated the heteroscedasticity by calculating autocorrelation (AC), partial autocorrelation (PAC) and Q test. The number of lags used for all time series was 20. According to the results of the Q test, there is confirmed the existence of the serial correlation, heteroscedasticity (p-value less than 1%), but in the case of the squared returns of SNG and TLV, the probability was greater than 1%, the null hypothesis of the absence of the serial correlation up to lag 20 cannot be rejected in this case.
Therefore, the data series shows heteroscedasticity that can be modeled by GARCH models (except SNG and TLV, because heteroskedasticity is a precondition for applying GARCH models for financial time series, where we may not be able to match GARCH models).
The table below contains the estimated parameters for our chosen models and the information criteria (AIC and SBC). We have only selected valid models, whose coefficients are statistically significant and different from 0. According to the AIC and SBC, the lowest values were recorded by TGARCH (1,1,1) and PARCH (1,2,1 ) models, which means that these models are performing much better than others.
For these asymmetric GARCH models, the coefficient γ is significantly different from zero implying that series are asymmetric and the leverage effects are present. In all cases, the positive value of the γ indicates that good news increases the future volatility more than the bad news.Coefficients meet the conditions of the GARCH model, their sum being less than 1. The coefficient α shows how quickly volatility adjusts based on market information, and β refers to the persistence of volatility.
For these models we alsoanalysed the correlogram of the squared residuals, the ARCH test and the normality test. Therefore, the model residues are not autocorrelated, are homoskedastic and are not normally distributed (the results are presented in the appendix). Non-normality of the return distribution often happens for the residues of the models applied for the financial time series.
The volatility of the main stock index of the Bucharest Stock Exchange, BET, is shown in the following chart (for the other stock indices and shares, the graphs can be found in the annex). We generated the historical volatility series, based on the PGARCH (1,2,1) equation. Source: Datastream, authors' calculations Using the PGARCH (1,2,1) model, we analysed the volatility of the BET index. As we can see, volatility was not neutral in the face of recorded economic or political events. The most pronounced volatility was noted in [2008] [2009] Conditional standard deviation by a declining period, then, in 2010, there was a steep rise in volatility, this evolution was due to the financial crisis. In 2011-2012 new volatility episodes were noticed, which decreased in the next period. Another significant volatility period took place in the third quarter of 2015 as a result of slower economic growth in China due to lower oil prices and geopolitical instability and the following took place in early 2016, due to the financial turbulence on the Asian stock exchanges and the one in June 2016 took place due to UK referendum.The most recent volatility episode occurred in July-August 2017 due to political instability at that time.
Figure 5. Conditional volatility of BET index
In order to detect short run causalities between major stock markets and Bucharest Stock Exchange we tested the Granger causality between Romanian stock market indices and four foreign indices such as: CAC 40, DAX 30,FTSE 100 and S&P500 (it was used daily returns due to the actual speed of information flows and the number of lags used was 5).When causality is established, it suggests that one can use a variable, in this context the stock market index, to better predict the other variable, than simply the past history of the latter variable. The results from the table above present some interesting evidence. We find a one-way relationship from CAC40 to BET, BETC and ROTX, from DAX30 to BET, BETC and ROTX, from FTSE100 to BET, BETC and ROTX, from S&P500 to BETC. Therefore, we observe the existence of influences from the capital markets in France, Germany and Great Britain on daily returns of the Bucharest Stock Exchange.Interestingly, we found the presence of a bidirectional causality between the Romanian indices (BET, BETPLUS and ROTX) and S&P500, so we have a basis to say that the Romanian stock market is significantly causing the daily returns of the American stock market.
Conclusion
This paper contributes to the existent literature because we have expanded the research area of volatility of the Bucharest Stock Exchange by approaching a number of four stock indices for a long period of time (January 2005 -December 2017) and using GARCH models. We also analysed whether international markets influence the Romanian stock market.
We found the distribution of the daily return series for the Romanian stock market to be leptokurtic, not normally distributed and exhibiting significant time dependencies. The TGARCH (1, 1, 1) and PARCH (1, 2, 1) were found to be the most appropriate models for volatility modeling in Romanian stock market. The study revealed strong evidence of time varying volatility, a tendency of the periods of high and low volatility to cluster and a high persistence of volatility on the Bucharest Stock Exchange.
Also, the aim of this research paper was to investigate the potential existence of international causal linkages between certain stock markets, such as Bucharest stock exchange (Romania), French stock market(France), Frankfurt Stock Exchange (Germany), London Stock Exchange (United Kingdom) and New York Stock Exchange (S.U.A.). The empirical results of Granger causality tests highlighted that Granger causality runs one way from France, Germany and United Kingdom to Romania and both ways between S.U.A and Romania.
The theme approached in this paper is of interest to both the investors and the academic side, which is why we intend to continue studying the volatility of the Bucharest Stock Exchange for different periods of time using other GARCH models. 
Annex
